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Abstract:

Purpose: This study explores how natural language processing (NLP) can support the
analysis and classification of project applications framed within the IPMA Individual
Competence Baseline (ICB 4.0), addressing the labour-intensive nature of manually
reviewing large volumes of funding applications.

Design/Methodology/Approach: Using a corpus of 6,031 Polish-language project-
application titles, we apply the Polish transformer language model HerBERT to represent
the titles as embeddings and to classify them into the three IPMA competence areas
(Perspective, People and Practice) by means of cosine similarity, validated against expert
Jjudgement on a 5% sample (n = 302). This matching procedure is complemented by
unsupervised Latent Dirichlet Allocation (LDA) topic modelling, with the number of topics
selected using coherence and perplexity.

Findings: HerBERT-based classification reached about 67% agreement with expert
assessment, performance varied markedly across the competence areas and between the
maximum- and median-similarity aggregation rules. LDA revealed interpretable themes: the
two-topic grouping separated a growth-and-recovery orientation from a stability-
maintenance orientation, whereas the eight-topic solution disaggregated these into finer
strategic and operational themes (e.g., resilience, digitalisation, crisis management and
financial stability).
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Practical Implications: The proposed pipeline can partially automate the triage and
comparison of project applications in institutions that process large numbers of submissions
and can inform competence-based team composition.

Originality/Value: The paper demonstrates the joint use of a Polish-specific transformer
model and topic modelling for the competence-oriented analysis of project applications
within the IPMA framework — a combination not previously reported for Polish-language
project documentation.

Keywords: Latent Dirichlet Allocation, International Project Management Association,
Natural Language Processing, Project Applications, HerBERT, topic modelling.

JEL Codes: C38, D83, 022.

Paper type: Research article.

1. Introduction

In recent years, a dynamic increase in interest in the field of project management can
be observed. Enterprises from the public, service and manufacturing sectors alike are
adopting a project-based approach, drawing on the available methodologies and
tools and on the range of solutions these offer. Within diverse organisations, project
teams are increasingly formed to deliver a specific objective within a defined time,
using specific resources. Such groups are established on the basis of subject-matter
specialisation, so that team members are often selected mainly based on hard
competences (Trocki, 2009).

Researchers examining personality and its components have rightly noted the
potential of using personality models to build effective project teams. Recent years
have yielded studies on the personality traits of the ideal project-team member;
however, these refer mainly to the popular personality models used in psychology.
Nor do they clearly establish the differences between the personality traits useful in
on-site as opposed to remote teams — an important consideration given the growing
popularity of remote work.

Well-defined personality traits play an important role in the formation of project
teams. They help in pursuing the set objectives, in analysing and estimating potential
risk, and in avoiding the conflicts that arise at every phase of a project. Despite the
wide array of advanced tools supporting the organisation and management of a
project, its key success depends chiefly on the team members; it is therefore
essential to select appropriately those individuals who will complement one
another's competences and act effectively towards the project's goals.
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The literature identifies six main personality traits that significantly influence a
project's success: communicativeness (Tuckman, 1965), flexibility, the ability to
work in a team, proactivity (Bateman and Crant, 1993), the ability to resolve
conflicts (Salejo-Szyszczak, 2012) and resistance to pressure (Page and Page, 2010).
It is worth noting that the above list presents only the main desirable traits; the full
range of key personality traits is considerably broader and may be selected according
to multi-faceted criteria (Klemens and Szewczuk-Stepien, 2018; Belbin, 2010).

Against this background, the aim of this paper is to examine how NLP techniques
can support the analysis and classification of project applications within the IPMA
competence framework. Specifically, we classify project-application titles into the
three [IPMA competence areas using the Polish transformer model HerBERT and
cosine similarity and uncover the latent thematic structure of the applications using
Latent Dirichlet Allocation (LDA).

The remainder of the paper is organised as follows: Section 2 outlines the theoretical
background; Section 3 presents the HerBERT-based classification; Section 4 reports
the LDA analysis; and Section 5 discusses the findings and concludes.

2. Theoretical Background
2.1 Personality Traits and the Big Five Model

Personality models allow us to describe and understand, in a schematic way,
individual differences in behaviour, thinking and emotions.

One of the models used in project management is the Big Five (Big Five Personality
Traits). As Kraczla writes, “the Five-Factor Model of Personality is today one of the
most popular conceptions that capture personality in terms of traits. The factors
covered by the Big Five form five basic personality dimensions: neuroticism,
extraversion, openness to experience, agreeableness and conscientiousness”
(Kraczla, 200). Each of these dimensions covers its own range of human behaviour
(John and Srivastava, 1999):

e cxtraversion is usually manifested in a tendency to be the centre of attention,
in assertiveness and in energetic behaviour. Such people often excel in the
role of leader or manager, because they generate communication, motivate
other team members and have no reservations about expressing an honest
opinion on a given subject, which encourages others to think creatively and
innovatively;

e agreeableness, which coexists with a willingness to help others, with
altruism, empathy, cooperation and trust. Such people are team players who
care about a good atmosphere within the team;
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e conscientiousness, founded on a sense of responsibility, diligence and
organisation. Conscientious people ensure the timely completion of tasks
and the pursuit of the set goal;

e neuroticism, manifested in tendencies towards depression, anxiety and
negative thinking. A high level of neuroticism within a team can be a
considerable challenge in the context of achieving goals;

e openness to experience, manifested in a willingness to try new things, in
creativity and in intellectual curiosity. People open to new experiences are
particularly important in teams working on innovative, creative projects.

The Big Five model is widely used in project management. It enables the assessment
of team members' personality traits and their appropriate integration to create a
balanced and effective working environment.

The personality model presented above is only one of many developed by
psychologists. Although, at the time it was constructed, project management was not
as developed as it is today, the model is now commonly chosen and implemented in
organisations when building teams and planning effective work. A deliberate
selection of project-team members according to the traits described by this model
allows not only the maximisation of work outcomes and the resolution of conflicts,
but above all enables perceiving the project team as a group with a defined goal that
strives to achieve it.

In the era of digitalisation and artificial intelligence broadly understood, it is the
human being — with their personality traits and competences — who plays a
particularly important role. These allow key decisions to be made in a logical
manner and thus contribute to the success of the projects carried out within an
organisation.

2.2 The IPMA Individual Competence Baseline (ICB 4.0)

A project-management approach based on the IPMA methodology is currently the
most frequently chosen option for project-driven organisations. In accordance with
the ICB 4.0 standard, the following areas are distinguished:

e Perspective competences (Polish: Perspektywa; English: Perspective) — these
form a set of tools, techniques and methods used to achieve an effective
synergy between the environment and the individual. They also define the
rationale for organisations, enterprises or individuals creating and supporting
projects (programmes and portfolios). They reflect the fact that a project is
not carried out in a vacuum, but in a specific political-social-organisational
environment;

e Individual and social competences (Polish: Ludzie; English: People) — the
components assigned to this area relate to the individual characteristics of a
person, to their personal experience and to their ability to interact with
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others. These are elements indispensable for leading or participating in a
project (programme or portfolio);

e Practice competences (Polish: Praktyka; English: Practice) — these relate to
the technical aspects of delivering projects (programmes or portfolios),
without which their successful completion would not be possible. They are
particularly important in the project-initiation phase, because it is during this
period that the requirements and the influences of the external environment
are revealed.

Within the areas listed, a total of 29 competences is defined: 5 perspective, 10
individual and 14 technical. Each competence specified in the standard has
corresponding competence elements (CE), key competence indicators (KCI) and
measures, by means of which the knowledge and skills required for a given topic can
be verified.

Competence elements constitute part of the description of a specific competence.
They define the scope of knowledge and skills that an individual declaring mastery
of a given topic should possess. Key competence indicators (KCI) determine the
conditions necessary to achieve success in projects, programmes and portfolios (in
one, two or all domains).

Measures, in turn, describe in detail the results achieved within each of the identified
KClIs. The multi-level nature of the criteria and factors that determine mastery of a
given competence creates an impression of completeness of the topic as elaborated.
This does not, however, settle the dispute over the definition of the term “project
competences” and their scope. The issue is so susceptible to subjectivity of
assessment that a complete picture of the phenomenon can be created only by
meeting the expectations of all stakeholders, providing the possibility of choosing
among competing definitions and classification schemes.

At present, the discipline of project management has significantly increased its level
of development and complexity. Managers have a much greater understanding of the
process of leading and delivering individual projects from beginning to end, using
the most modern methods and the individual predispositions of team members. This
has been set out in the IPMA Individual Competence Baseline 4.0 and in the IPMA
Project Excellence Baseline 1.0 (International Project Management Association
[I[PMA], 2015).

3. Automated Classification of Project Applications Using the HerBERT
Language Model

3.1 Natural Language Processing and the BERT and HerBERT Models

Alongside ongoing development, we observe a growing popularity and social
awareness of the possibility of obtaining funding, which results in an increasing
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number of diverse projects. The analysis of numerous project applications (i.e.,
applications for grants or co-funding) is frequently a time-consuming process that
requires the involvement of many people with different areas of competence.

Streamlining this work, even partially, can be extremely useful in the many
institutions that consider dozens or even hundreds of such applications every day. To
this end, we designed a methodology based on the BERT language-representation
model (BERT = Bidirectional Encoder Representations from Transformers; Devlin
et al., 2019) — more precisely, on its version adapted for the Polish language, called
HerBERT (Mroczkowski et al., 2021).

Natural language processing (NLP) is a subfield of computer science that forms a
bridge between natural language and the computer. NLP helps machines to
understand, process and analyse human language (Manning and Schiitze, 1999). For
this purpose, vectors — numerical representations well known to computers — are
used. To obtain such a representation, blocks of text are divided into smaller units
called tokens, which are then converted into numerical representations (vectors).

Several techniques exist for converting tokens into numerical representations; the
one used in the BERT model is called word embedding. This technique represents
words in a multi-dimensional vector space in which particular words, or characters,
are located at certain distances from one another.

The distances along the individual coordinates can often be interpreted as a way of
expressing the difference in meaning between a given pair of words in a specific
context. Depending on the adopted approach to word embedding, training the
models yields different spaces, which requires enormous amounts of computing
power and data.

What distinguishes the BERT model from other natural-language-representation
models is its understanding of the context contained in sentences. To achieve this,
the model was trained using two mechanisms. The first is masked-language
modelling (Masking Language Model). It consists of bidirectional learning from text
by “masking” a selected word in a given sentence and then attempting to predict it
using the “revealed” words in its surroundings. The second mechanism is next-
sentence prediction (Next Sentence Prediction), which consists of predicting
whether, for two extracted fragments of text, the first followed the second.

The BERT model is based on transformers — an advanced neural-network
architecture designed to process sequences of data such as text, sound or other
information streams (Vaswani et al., 2017). A key element of transformers, and one
of the reasons why they work so effectively, is the self-attention mechanism. This
mechanism allows the model to “focus” on different parts of the sequence while
processing each word, regardless of its position in the sequence. A great advantage
of the transformer architecture is the parallelisation of the training process, thanks to
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which the model can use enormous amounts of data for learning in a relatively short
computation time.

The BERT model was trained on text collections from Wikipedia (~2.5 billion
words) and from the Google BooksCorpus (~800 million words), which contributed
to its effectiveness mainly in English. HerBERT, its Polish counterpart, was trained
on texts of diverse styles and subject matter written exclusively in Polish, which
gave it a better understanding of the grammar and syntax that do not occur in
English.

A further difference between the two models is HerBERT's use of SentencePiece — a
tokenisation tool that is particularly useful for languages with complex inflection
(such as Polish). This algorithm divides words into smaller elements (subword
units), which allows the model to cope more effectively with word inflection and to
recognise their various forms. For the classification of project titles by skills, in the
Polish language, HerBERT was the obvious candidate.

3.2 Materials and Methods

The chosen strategy was based on the widely used cosine-similarity method (e.g.,
Kryszkiewicz, 2014; Xia et al., 2015). This is a measure of similarity between two
non-zero vectors, independent of their magnitude. It is calculated from the cosine of
the angle between the compared vectors, according to the following equation:

A-B " AB
Al - Bl
Z?:]_Al'z ) Z?:]_B!'E

where A, B are n-dimensional, non-zero vectors. The measure takes values in the
interval [—1, 1], where 1 denotes similarity, O its absence and —1 its opposite.

cos @ =

To verify the effectiveness of the methodology, a representative sample of 302
diverse titles was drawn from a population of 6,031 (5% of the set). The project
titles and the skills making up each area (IPMA, 2015) were first appropriately
prepared — that is, transformed into a suitable numerical representation using the
HerBERT model (tokenisation).

Then, for each case, the similarity between a selected title and the skills in each area
was computed. The selected title was subsequently assigned to the area that
contained the skill with the maximum similarity.

Additionally, for comparison, a classification based on the area whose skills had the
highest median similarity was also used. The drawn sample was passed to experts
for classification, without prior disclosure of the matches obtained earlier.
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3.3 Research Data

The dataset analysed in this study was compiled from publicly available
administrative records on projects supported under the Regional Operational
Programme for the Lodzkie Voivodeship 2014-2020. The source data were
published by the institutions responsible for the implementation of the Programme:
the Managing Authority — the Marshal’s Office of the L.odzkie Voivodeship — and
the Intermediate Body — the £.0dz Voivodeship Business Support Centre (Centrum
Obstugi Przedsiebiorcy). Based on these official administrative sources, a research
dataset comprising 6,031 project-application titles was compiled for the purposes of
the presented analysis.

Each observation in the dataset corresponds to a single project application,
represented solely by its title which is a short text (up to 1000 characters) with no
accompanying project description. This title served as the only textual input for
computing semantic similarity against the competence definitions.

3.4 Study Results

The number of titles assigned to each IPMA competence area are in Figure 1.

Figure 1. Number of titles assigned to each IPMA competence area — praktyka (practice),
perspektywa (perspective) and ludzie (people) — under three classification approaches:
EKSPERCKA (expert), MAKSIMUM (maximum similarity) and MEDIANA (median

similarity). The vertical axis denotes the number of occurrences; the horizontal axis denotes
the area.

Classification by area

CLASSIFICATION
[0 EXPERT
250 4 [0 MAXIMUM
0 MEDIAN

50 4

: | —

practice perspective people
Area

Source: Own study.
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The classification effectiveness of the model was then measured by comparing the
correctly matched areas. For the illustrative metric — the median of the skills — the
model showed a strong bias with respect to the “perspective” area (Figure 2). At the
same time, Figure 1 depicts how experts and two models have classified the projects.

Figure 2. Classification under the median-similarity metric, shown separately for
each expert-labelled area — perspektywa (perspective), praktyka (practice) and
ludzie (people). The vertical axis denotes the median similarity to the area's skills;
the horizontal axis denotes the separate project by title; the legend item denotes the
classified (maximum) value. Per-area accuracy is reported in each panel.
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Although retained here as an initial baseline, this metric exhibits structural
limitations due to uneven category sizes (e.g., 5 skills in "perspective" versus 14 in
"practice"), which mathematically skews the median regardless of project title
content. For the maximum skill value, the model showed greater variation in its
classifications (Figure 3).

Figure 3. Classification under the maximum-similarity metric, shown separately for each
expert-labelled area — praktyka (practice), perspektywa (perspective) and ludzie (people).
The vertical axis denotes the maximum similarity to the area's skills, the horizontal axis
denotes the separate project by title. Per-area accuracy is reported in each panel.
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Overcoming the structural limitations of the median, the maximum skill value metric
yielded a more robust final result, with classification agreement oscillating around
67%.

4. Discovering Latent Thematic Structure Using LDA
4.1 The LDA Topic Model

Forecasting the membership of applications in specific thematic groups is only one
of the possible applications of natural-language-processing tools in automating work
with project applications. Another strategy applicable in this situation is the
identification of thematic groups occurring within a set of applications, which
significantly facilitates the comparison of applications with a similar scope of
activities. To this end, we use a fairly well-known statistical topic-modelling
technique — Latent Dirichlet Allocation (LDA) (Blei et al., 2003).

LDA is a probabilistic model that allows the exploration of latent thematic groups
(also referred to as topics) within a collection of texts — in our case, the titles of
project applications. The idea behind this model is to represent each text as a certain
mixture of topics, which are probability distributions over the space of words.

LDA assumes that these texts arose from sampling a mixture of distributions
corresponding to particular thematic groups. In this case, the learning process
consists of a simultaneous attempt to capture the distributions of words within
particular topics and to assign texts to thematic groups using Bayesian reasoning.

As a result, we obtain a set of probability distributions — some describe the
probabilities of particular words occurring in particular thematic groups, while
others correspond to the degrees of similarity of documents to given thematic
groups. A single analysed text is assigned to the topic that is most probable
according to the above probabilities.

4.2 Selecting the Number of Topics: Coherence and Perplexity

We applied this model to the set of project-application titles (previously processed to
remove inflectional word endings, and so on) with various values of the
hyperparameter K, which describes the number of topics considered by the
algorithm. The chart below shows two curves describing the values of the model's
evaluation metrics as a function of the chosen number of topics.

The red curve denotes the value of the negative-log-perplexity metric, that is, the
averaged likelihood of the individual assignments to topics. Each topic t,
constituting a certain probability distribution P; over the space of words, can be used
to assess the probability of a given title occurring within the topic — the title being a



Milos Poliak, Agnieszka Jedrusik, Bartosz Lewandowski, Przemystaw Kubiak,
Lukasz Stajuda, Filip Turobos
487

sequence of words/tokens (Wi, W2, ..., ws) to which it has been assigned — in the
following way:

Po((wy, o s Wy)) = Pe(wy) - Pe(wy [wy) - v Pe(Wy, [ Wy, Wy _y)

By taking the logarithm of this expression, we replace multiplication with addition,
which is more numerically stable. The larger the value of Pt[(wl,...,wn)), the
closer to zero its logarithm. Averaging this value over all projects assigned to a
given topic, and then taking the mean over all topics, yields the value of the metric
under consideration. In general, the closer it is to zero, the better the fit of the model.

Figure 4. Evaluation metrics of the LDA model as a function of the number of
topics: coherence (Cv; blue, left axis, Coherence) and negative-log-perplexity (red,
right axis, labelled Perplexity). The horizontal axis (Num of topics) denotes the
number of topics.
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The blue curve, in turn, denotes the value of the second metric considered, namely
coherence (Mimno et al., 2011). A technical description of the Cv variant of
coherence that we use can be found in Roder ef al. (2015); owing to its considerable
complexity, we do not reproduce it here. Intuitively, in our situation coherence
describes how semantically related the words within a single project title are, where
this relationship is considered in the context of the specific topic to which the title
has been assigned.

The value of this metric is averaged over all texts assigned to a given topic and then
over all topics (it is a weighted average, the weights being the proportions of titles
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assigned to the particular thematic groups). This means that higher values of this
metric indicate smaller semantic distances between the words characteristic of a
given topic. It is usually assumed that results at the level of 0.5 or higher are very
good; the LDA variants we selected for detailed discussion, with the number of
groups equal to 2 and 8, can boast coherence values of the order of 0.48, with a
negative-log-perplexity above —8.

4.3 The Two-Topic Clustering: Two Faces of Project Management

For the two topics, we obtain groups that can be visualised using the word clouds
below — the larger the word, the more frequently it occurred within a given group
(Figure 5). Because the underlying data are Polish-language project titles, the words
in the clouds are in Polish; a translation key is provided beneath the figure

Figure 5. Word clouds for the two-topic LDA clustering. Word size is proportional
to a term's frequency within the group.

Temat #1 Temat #2

ckapital zakupic fnasevpandéifiia-y:

siZwieksS7yeaut Ezymac

gospodarczy epidemia

_Q O d p O r n O S C hprmaduc : s @ Jn€gatywny ,dotknaé plynnosc
odotaCJakryzyS : '

Source: Own study.

popra

Topic Prominent Polish terms (English gloss)

Topic #1 — Growth and | odbudowa (recovery/reconstruction); kapitat (capital); zakupi¢
recovery (to purchase); zwigkszy¢ (to increase); wzrost (growth);
odporno$¢ (resilience); kryzys (crisis); dotacja (subsidy/grant);
innowacja (innovation); inwestycja (investment); rynkowy
(market-related); dywersyfikacja (diversification); pozycja
(position); wprowadzi¢ (to introduce); nowoczesny (modern);
technologia (technology); produkcja (production); trwaty
(durable/lasting); oferta (offer); cyfrowy (digital)

Topic #2 — Stability | utrzymac (to maintain); skutek (effect/consequence); pandemia
maintenance (pandemic); gospodarczy (economic); negatywny (negative);
poprawa (improvement); epidemia (epidemic); plynnos¢
(liquidity); finansowy (financial); dotkna¢ (to affect/hit); klient
(client/customer); spadek (decline/drop); koszty (costs); system
(system); sytuacja (situation); obstuga (service); sprzedaz
(sales); przychod (revenue); obrét (turnover); ochrona
(protection)

In a dynamically changing environment, project competences take on key
importance both for organisations that strive for innovation and growth and for those
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that must face external threats such as economic crises or unforeseen circumstances,
including a pandemic. As the present analysis shows, a project-based approach
founded on the IPMA (International Project Management Association) methodology
makes it possible not only to achieve goals effectively but also to build the stability
and flexibility of project teams under changing conditions.

The current economic situation has meant that organisations must simultaneously
pursue strategies related to growth and to responding to crisis situations. The two
main currents that emerge from the competence analysis can be described as a
growth-and-recovery strategy and a stability-maintenance strategy.

In the context of the growth strategy, organisations focus on increasing capital,
developing new products, diversifying and implementing innovative technological
solutions. Key words such as kapitaf (capital), innowacja (innovation), inwestycja
(investment) and odpornos¢ (resilience) point to actions aimed at strengthening
market position and creating lasting added value.

The stability-maintenance strategy, in turn, refers to actions taken by organisations
in the face of difficulties such as economic crises or disruptions caused by the
pandemic. Terms such as utrzymaé (to maintain), skutek (effect/consequence),
negatywny (negative), pfynnosé (liquidity) and gospodarczy (economic) indicate the
need to adapt to new conditions and to respond quickly to a changing environment.
In such cases, perspective and individual competences — which help to anticipate
threats and minimise their impact on the enterprise's operations — are of particular
importance.

4.4 The eight-topic clustering
For eight groups, this distribution looks somewhat different (Figure 6).

The word clouds assigned to the eight different topics reflect the complexity of the
challenges that contemporary organisations face in the context of project
management. Each thematic group represents different strategic and operational
aspects that must be taken into account in order to respond effectively to market
needs and changing economic conditions. This illustrates the diversity of approaches
that project teams may apply, depending on their goals, resources and external
environment. The eight themes are discussed in turn below.

Topic #1 — Resilience and adaptation (Polish theme: Odporno$¢ i adaptacja).
Key words such as odpornosé (resilience), nowoczesny (modern), podnies¢ (to raise)
and ekologiczny (ecological) point to actions focused on increasing the adaptive
capacity of enterprises. This theme concerns strategies that allow firms to strengthen
their position by introducing new technologies and ecological solutions and by
raising operational standards. In project management, the perspective competences
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related to flexibility and to anticipating change play a key role here, because they
enable enterprises to respond appropriately to external factors.

Figure 6. Word clouds for the eight-topic LDA grouping. Word size is proportional
to a term's frequency within the group.
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Topic (theme) Prominent Polish terms (English gloss)
#1 — Resilience and | odporno$é¢ (resilience); nowoczesny (modern); podnies¢ (to
adaptation raise/improve); zwigza¢ (to bind/link/integrate); zmiana

(change); wyposazy¢ (to equip); innowacyjnos¢
(innovativeness); ekologiczny (ecological); marka (brand);
restauracja (restaurant/restoration)

#2 — Digitalisation and
capital

cyfrowy (digital); kapital (capital); dotacja (subsidy/grant);
dzigki (thanks to/as a result of); wykorzysta¢ (to use); system
(system); zaawansowaé (to advance/advancement); zarzadzaé
(to manage); modernizacja (modernisation); ochrona
(protection); elektryczny (electric)
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Topic (theme) Prominent Polish terms (English gloss)
#3 — Investment and | zwigkszy¢ (to increase); inwestycja (investment); zakupi¢ (to
market growth purchase); srodki (funds/means); kapitat (capital); szansa

(opportunity); trwaly (durable/sustainable); rynek (market);
zakres (scope); poprawa (improvement); dofinansowac (to co-
finance); sprzet (equipment)

#4 — Crisis management | kryzys (crisis); skutek (effect/consequence); pandemia
and pandemic effects (pandemic); gospodarczy (economic); epidemia (epidemic);
dotkna¢ (to affect/hit); sytuacja (situation); stworzy¢ (to
create); przeciwdziatac (to counteract); spadek (decline)

#5 — Innovation and | innowacja  (innovation); wzrost (growth);  produkcja
production efficiency (production); technologia (technology); proces (process);
rozwigzanie (solution); oprogramowac (to program/to develop
software); automatyzacja (automation); jako$¢ (quality); linia

(line)
#6 — Customer relations | wynik (result); klient (client/customer); zapewni¢ (to
and cost management ensure/provide); obsluga (service/support); centrum (centre);

finansowac¢ (to finance); koszty (costs); utworzy¢ (to create);
mobilny (mobile); platforma (platform)

#7 — Market positioning | odbudowa  (recovery/reconstruction); pozycja (position);
and recovery wprowadzi¢ (to introduce/to implement); rynkowy (market-
related); wzmocni¢ (to strengthen); oferta (offer); prace
(works); produkt (product); przychdéd (revenue); branza
(industry/sector); ushugowy  (service-related); handlowy
(commercial)

#8 — Financial stability | finansowy (financial); utrzyma¢ (to maintain); dywersyfikacja
and diversification (diversification); plynnosé (liquidity); cyfryzacja
(digitalisation); sprzedaz (sales); produkcyjny (production-
related);  inwestycyjny  (investment-related); medyczny
(medical); srodowisko (environment); wojewodztwo
(voivodeship/province)

Note: Some clouds also contain Polish first names (e.g., Jacek, Maciej, Katarzyna, Michal,
tukasz) and place-related terms (e.g., todzki — “of Lodz”, wojewodztwo — “voivodeship”).
These are residual tokens originating from the application data and carry no thematic
meaning, but were often included as a part of the project name.

Topic #2 — Digitalisation and the use of capital (Polish theme: Cyfryzacja i
wykorzystanie kapitalu). This group emphasises the importance of capital,
subsidies (dotacja) and digital systems in the context of modernisation and
development. For many firms, capital — both financial and human — constitutes the
foundation for delivering projects related to digitalisation and innovation.

Topic #3 — Investment and market growth (Polish theme: Inwestycje i wzrost
rynkowy). Words such as inwestycja (investment), zwigkszy¢ (to increase), trwafy
(durable/lasting) and zakupic (to purchase) point to actions aimed at the long-term
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development and diversification of enterprises' offerings. This theme is closely
linked to building market position and consolidating lasting competitive advantages.
Practice competences, such as budget management and investment-risk analysis,
play a particular role here, because they help firms to achieve their growth objectives
effectively.

Topic #4 — Crisis management and the effects of the pandemic (Polish theme:
Zarzadzanie kryzysem i skutki pandemii). The crisis theme is represented by
words such as kryzys (crisis), skutek (effect/consequence), pandemia (pandemic) and
dotkng¢ (to affect/hit), which indicate actions related to responding to unforeseen
circumstances and to crisis management. The importance of mental resilience and of
the ability to work under pressure — indispensable for effectively managing teams in
difficult situations — is significant here. Perspective and individual competences,
such as the ability to make decisions quickly, are key to minimising the negative
effects of external crises.

Topic #5 — Innovation and production efficiency (Polish theme: Innowacja i
efektywnos¢ produkcji). The words innowacja (innovation), wzrost (growth) and
produkcja (production) suggest a focus on increasing the efficiency of production
processes and on implementing new technologies. The considerable importance of
practice competences related to managing production projects allows changes to be
introduced effectively and operational performance to be improved. Innovativeness
in this context requires close interdisciplinary cooperation and knowledge of
technology-management tools.

Topic #6 — Customer relations and cost management (Polish theme: Relacje z
klientem i zarzadzanie kosztami). This group focuses on managing customer
relations and optimising costs, as reflected by words such as wynik (result), klient
(client/customer), zapewni¢ (to ensure/provide) and obstuga (service/support).
Important in this respect is the significance of communication and problem-solving
abilities within project teams. Individual competences, such as negotiation skills and
empathy, are key to building lasting relationships with customers, which in turn
translates into positive financial outcomes for projects.

Topic #7 — Market positioning and recovery (Polish theme: Pozycjonowanie i
odbudowa rynkowa). The words pozycja (position), rynki (markets), odbudowa
(recovery/reconstruction) and oferta (offer) point to actions aimed at strengthening
enterprises' market position after crises. Strategic and perspective skills, which allow
organisations to identify new opportunities and respond quickly to market changes,
are important here. Competences in marketing and strategic planning may play a key
role in rebuilding image and market position.

Topic #8 — Financial stability and diversification (Polish theme: Stabilno$é
finansowa i dywersyfikacja). The last group focuses on words such as finansowy
(financial), wutrzymaé (to maintain), plynnos¢ (liquidity) and dywersyfikacja
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(diversification). These terms relate to financial stability and to securing operational
liquidity over the long term. Project management requires not only technical skills
but also competences related to finance, such as budget planning and cost analysis.

5. Discussion and Conclusions

Each of the word groups presented points to a different area of project management,
yet they are all united by one thing — the need to flexibly adapt the competences of
project teams to changing external and internal conditions. The diverse approaches
to management — whether based on growth, innovation, crisis management or the
maintenance of financial stability — require a considered choice of strategy and
skills. Organisations that effectively combine these competences are able not only to
meet current objectives but also to build long-term resilience and competitive
advantage.

This study is subject to several limitations. First, the corpus consists of project-
application titles, which are short and lexically highly diverse: a large proportion of
tokens occur only once, so the vocabulary is sparse and the statistical signal
available to both the HerBERT embeddings and the LDA model is correspondingly
limited, which tends to reduce topic stability and classification accuracy.

Second, the titles frequently contain proper nouns — personal/company/brand names,
as evidenced by the residual tokens visible in the word clouds — which carry no
thematic meaning, add noise to the topic distributions and, because they constitute
personal and commercial data, also raise data-protection (GDPR) considerations; the
pre-processing applied here removed such entities only partially.

Finally, the analysis is confined to a single language and a single application
domain, so the findings should be generalised with caution.
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